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Abstract 
We have previously proposed a training system that helps inexperienced athletes acquire skills through a repeated comparison of 
their electromyography (EMG) signals measured in real time to signals produced by an optimisation calculation using a 
musculoskeletal model. We refer to this training system as Cybernetic Training, which references a feedback-based signal 
produced artificially by optimisation of the model calculations. However, when considering many muscles, it is difficult to 
compare EMG signals and optimised signals because of the significant amount of information. The aim of this study was to 
develop a method to integrate significant amounts of human motion information to facilitate convenient perception during the 
Cybernetic Training. In the proposed method, a self-organising map (SOM) is employed to visualise the integrated motion data. 
Examples of visualisations include the motion data of an optimised underhand throw and that of human subjects wearing inertial 
and EMG sensors. We compared the optimised motion data and measured motion data using the obtained SOM. 
© 2015 The Authors. Published by Elsevier Ltd. 
Peer-review under responsibility of the School of Aerospace, Mechanical and Manufacturing Engineering, RMIT University. 
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1. Introduction 
Sports training systems are widely used to improve the motor skills of athletes. A well-developed motor skill 
involves the precise movement of muscles with the intent to perform a specific action, which can be learned by 
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applying empirical knowledge and technological advances during practical training. In general, inexperienced 
subjects acquire new skills by imitating the body motion of skilled athletes with visual control. Subjects learn from 
the posture, body part positions, joint trajectories and motion timing of skilled athletes. However, such observable 
information is restricted to kinematic information. Kinematic information does not contain dynamic information, 
such as muscle contraction, which drives body movements. To improve a motor skill that involves the activation of 
various muscles, a learner must develop an internal model, i.e. a correlation map between body motion and motor 
command, by trial and error.  
We have previously proposed a training system that helps inexperienced athletes acquire skills through repeated 
comparison of their electromyography (EMG) signals measured in real time to that of the signals produced by an 
optimisation calculation using a musculoskeletal model that considers the physical characteristics of each subject 
[1][2]. We call this training system Cybernetic Training, which references a feedback-based signal produced 
artificially by optimisation of the model calculations. However, when considering many muscles, it is difficult to 
compare EMG signals and optimised signals because of the significant amount of information involved. 
Furthermore, to facilitate efficient learning when constructing a correlation map between body motion and motor 
command, the subject must receive feedback about both muscle activation signals and kinematic information such as 
joint angle, angular velocity and angular acceleration. We propose a method to integrate significant amounts of 
information relative to human motion to facilitate convenient visual perception during the Cybernetic Training. In 
the proposed method, a self-organising map (SOM) is employed to visualise the integrated motion data. We 
visualised the optimised underhand throwing data that represented optimal solutions regarding the speed of a pitched 
ball and the stress of muscles. Next, we projected the data of human subjects wearing inertial and EMG sensors onto 
the obtained map to compare optimised motor skills.  
2. Proposed Visual Feedback Method 
We propose a visual feedback method for the Cybernetic Training that helps subjects acquire developed motor 
skills by referencing integrated information of optimised motion data using two-dimensional space, as shown in Fig. 
1. It is expected that subjects can perceive optimised motor skills involving the activation of various muscles easily 
by comparing the trajectories of integrated data of optimised motion and that of human subjects wearing inertial and 
EMG sensors. Here integrated information is comprised of muscle activation signals, joint angle, joint angular 
velocity and joint angular acceleration, and was visualised with a SOM as the two-dimensional map. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 1. Proposed visual feedback system with two-dimensional map. 
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2.1. Optimised Motor Skill 
2.1.1. Simulation Model 
To search an optimal pendulum motion for softball pitching, we modelled the upper limb with three joints 
(shoulder, elbow and wrist) and eight muscle-like actuators. Figure 2 shows a rigid link model with muscle models 
in the xy-plane. Angles θ1, θ2 and θ3 are the absolute rotational angles of the shoulder joint, the elbow joint and the 
wrist joint, respectively. The masses of the first link, the second link, the third link and the softball are m1, m2, m3 
and m4, and the mass moments of inertia of these rigid links are I1, I2 and I3, respectively. The distances from joint 
position to the centre of gravity of these rigid links are s1, s2 and s3, respectively. If we define the Lagrangian to be L 
= T − U, we can express the Lagrangian equation of motion as follows:  
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Here T is kinetic energy and U is potential energy. This motion equation is solved with fourth-order Runge–Kutta 
numerical integration to calculate fitness values in optimisation. 
Relative to the actuators for rigid body control, we utilised muscle-like elastic actuators for a model based on the 
Hill-Stroeve muscle model [3][4]. In this model, muscle force depends on the muscle length, velocity and activation; 
therefore, muscle force is a function of muscle length, muscle velocity and activation, such that: 
max)()(),,( FlFlFallaf cevcecelce      (2) 
where Flce, Fvce, Fmax, lce (= lce(t)) and l ce (= dlce / dt) are the force-length relation, the force-velocity relation, the 
maximum isometric force, the length of a contractile element and the contractile element velocity, respectively. The 
joint torque is exerted by the muscle force with the moment arm. The two opposing actuators that act across the 
shoulder joint are f1 and e1, the two opposing actuators that act across the elbow joint are f2 and e2, the two opposing 
actuators that act across both the shoulder joint and the elbow joint are f3 and e3 and the two opposing actuators that 
act across the wrist joint are f4 and e4. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 2. Multi-pendulum with three joint and eight muscle-like actuators. 
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2.1.2. Optimisation 
In this study, the underhand throw of a softball player was optimised. The control parameters for optimisation are 
muscle activation, which are plotted at 11 points from 0 to 2 seconds at 0.2-second intervals, and a release time. An 
interval between two points was interpolated using cubic spline. The calculated control parameters were the 
optimised muscle activation signals, called OPTIMAS [1]. We set pitching distance to one-half the 14.02-m official 
distance for a male softball player. Three objective functions were considered. The objective functions were set to 
error distance from a target (J1), a minus speed of a pitched ball of the horizontal velocity (J2) and the maximal 
muscle stress (J3). These objective functions were minimised concurrently. We used the improving the strength 
pareto evolutionary algorithm (SPEA2) for multi-objective optimisation [5]. 
2.1.3. Optimised Motion Data 
Figure 3 shows optimised underhand throwing data that represents an optimal solution regarding objective 
function J2. This data was the solution with the maximum throwing speed. We refer to this optimised motion data as 
CASE:I. Figures 3(a)–(d) show muscle activity and kinetic information and Fig. 3(e) shows the motion pattern 
during an underhand throw. In contrast, the optimised motor skill data that represents an optimal solution relative to 
objective function J3 are shown in Fig. 4. These data represent a motion pattern without muscle stress. We refer to 
this as CASE:II. Motor skill data were used to create a two-dimensional map that was used as training data. 
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Fig. 3. Optimised underhand throw (optimal solution relative to objective function J2; CASE:I). 
(a) OPTIMAS (b) Joint angle (c) Angular velocity (d) Angular acceleration 
(e) Motion form 
Fig.4. Optimised underhand throw (optimal solution relative to objective function J3; CASE:II). 
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2.2. Measured Motor skill 
We prepared motor skill data for one subject (Subject Y) wearing the inertial and EMG sensors, which were used 
to measure pitching motion before and after softball pitching training [1]. Ten test subjects participated in the 
training. They were separated into groups A and B. Group A subjects performed training independently, and group 
B subjects performed Cybernetic Training with a comparison of their EMG signals. The aim of the Cybernetic 
Training was to perceive optimised motion (CASE:I). It was confirmed that subjects who performed the Cybernetic 
Training were able to throw faster than those that did not, and the velocities of the pitched balls were considerably 
increased for these subjects during the early stages of training. Measured motor skill data were projected onto the 
two-dimensional map to compare optimised motor skills. 
3. Information Visualisation of Motion Data 
To visualise the obtained motion data, we utilised a SOM algorithm [6][7]. The SOM is a type of neural network 
and is an unsupervised learning algorithm used to discover inherent relationships in data. The SOM performs a 
nonlinear projection of multidimensional data onto a two-dimensional map. The items in the input data set are 
assumed to be in the vector format. If N is the dimension of the input space, then every node on the map grid holds 
an N-dimensional vector of weights. 
3.1. SOM Learning 
Optimised motion data (CASE:I and CASE:II) were used as input to the SOM. In the learning phase, input vector 
X collected from the above data was divided at equal intervals in the time direction. Thus, one vector had 17 
elements, i.e. activation levels and kinematic information in the same time, as follows: 
)}(),(),(),(),(),(),(),(),(),(),...,(),({)( 321321321421 ttttttttttatatat eff TTTTTTTTT  x   (3) 
A 2500-neuron arranged in a 50 × 50 grid was used to build a map. The total number of iterations was set to 2000. 
The results should be that similar input data will be mapped to nearby areas in the two-dimensional space. In the 
projection phase, motion data converted to a vector (similar to the input vector) were quickly given a location on the 
converged map. Therefore, a trajectory corresponding to motion was drawn on the map continuously by inputting 
the time series data. Figure 5 shows the results of learning and mapping. The black area indicates increased 
activation level of all muscles. It was observed that motion data took another route from the same point. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 5. Optimised underhand throwing data with SOM. 
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3.2. Visualisation for Measured Motor Skill 
Here we compare the optimised motor skills and measured motor skills using the obtained map. Experimental 
data (Section 2.2) were projected onto the obtained map, as shown in Fig. 6. The background colour in the obtained 
map can change based on each neuron with a vector. We determined colour by an inverse dynamics approach using 
Eq. (1) to render flexion and extension torque at the shoulder joint onto the map. By colouring the map in advance, 
subjects can perceive hidden physical parameters, such as joint torques, immediately during the Cybernetic Training. 
Figure 6(a) shows the results of projection of motion data before pitching training. Note that the trajectories 
corresponding to an underhand throw were dissimilar for CASE:I and CASE:II. In contrast, Fig. 6(b) shows the 
results of projection of motion data after pitching training. As can be seen, the trajectories are closer to the red 
trajectory (CASE:I) than those shown in Fig. 6(a). This indicates that subject Y successfully approximated an 
optimised underhand throwing motion (CASE:I) through repeated comparison of their EMG signals.  
4. Conclusion 
We have proposed a visual feedback method for Cybernetic Training that helps subjects acquire developed motor 
skills by referencing integrated information of optimised motion data using a two-dimensional map. We visualised 
motion data of optimised motion and for subjects wearing inertial and EMG sensors during an underhand throwing 
motion. Furthermore, we rendered flexion and extension torque onto the obtained map using the vector of each 
neuron. In future, we will report on the verification of the Cybernetic Training using optimised motion data 
projected into a two-dimensional map. 
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Fig. 6. Projection of measured motion data of subject Y into the obtained map. 
END (Subject Y) 
END (Subject Y) 
START START 
(a) Motion data before pitching training (b) Motion data after pitching training 
